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Abstract. Aiming at the problem of moving path planning of a cellular robot on trusses in space station, a
triangular prism truss is taken as the research object, and an optimized ant colony algorithm incorporating a
gravitational search algorithm is proposed. The innovative use of the hierarchical search strategy which limits
the exploration area, the use of gravity search algorithm to get the optimal solution of truss nodes, and further
transform it into the initial value of pheromone in ant colony algorithm, can effectively prevent the algorithm
from falling into the local optimal solution in the early stage, and make the optimization algorithm have a faster
convergence speed. This paper proposes a heuristic function including the angle between the targets, which can
effectively avoid blind search in the early stage and improve the ability of path search. The simulation results
show that the path and planning time of the cellular robot can be effectively reduced when choosing truss path.
1 Introduction
With the rapid development of space technology and
robotics, and the increasing demand for space resources ex-
ploration, the scale of the corresponding spatial structure and
the level of on-orbit operations have also ballooned, such as
solar space stations, large space mirrors, their size can reach
the kilometers (Zhao and Han, 2018). Space exploration has
become a focus of the future development of the aerospace
field. Therefore, it is an important direction of research for
the current space robot that draws on reconstruction robot
technology and swarm robot technology and applies them to
the construction of space facilities to improve its operating
ability and adapt it to complex working environments (Wei
and Li, 2011).
At present, the on-orbit construction of large-scale space
facilities mainly depends on the simple assembly of space
manipulator and transposition mechanism. The transfer and
assembly of large-scale system of space manipulator on orbit
has the disadvantages of poor structural rigidity, low preci-
sion and energy consumption, and its own structure and base
mobility range seriously limit its operation range; the me-
chanical form of on orbit work is fixed, and the function is
single, which can not meet the needs of multiple assembly
tasks. Because the large space truss is difficult to launch in
one time, it needs to be launched in modules and then as-
sembled in orbit, so there will be assembly and path plan-
ning problems. As shown in Fig. 1, the modular space cellu-
lar robot can work in the space station and other space envi-
ronments. Modular robot is considered to be an ideal substi-
tute for high-rise truss related tasks. It can move flexibly on
the complex three-dimensional truss, especially the ability to
move quickly from the initial position to the target position,
which is crucial to the efficiency of path planning.
The Spatial cellular robot mentioned in this paper is a
multi-level self-reconfigurable modular robot with high re-
liability, variable configuration and easy function expansion.
Self-reconfigurable modular robots are composed of a series
of common modules, which can meet the needs of corre-
sponding tasks according to the changes of the environment
or tasks, relying on the separation, displacement and dock-
ing between modules. Research on it has become a hot spot
in academic and industrial circles in recent years (Zhu et al.,
2018).
Published by Copernicus Publications.
234 Y. Dai et al.: Spatial cellular robot in orbital truss collision-free path planning
Figure 1. Spatial cellular robot working environment.
After a long-term study, it is shown that there are many
disadvantages in manned on orbit assembly technology. Due
to the participation of astronauts, the operation cost of on
orbit assembly is greatly increased, and space on orbit op-
eration poses a threat to the safety of astronauts. Due to the
special environment of space, the astronauts can not bear the
heavy workload for a long time, so the development of un-
manned on orbit assembly technology is particularly impor-
tant. Unmanned on orbit assembly technology is a kind of on
orbit assembly task which is operated by intelligent equip-
ment such as space robot mechanical arm, remote control on
the ground or autonomously. Unmanned on orbit operation
avoids the astronauts’ on orbit participation, effectively im-
proves the safety and reliability, greatly reduces the operation
cost, and is easier to achieve popularization. Based on the
current hardware and software platform, self-reconfigurable
modular robots can complete complex operational tasks in
the future (Liu et al., 2018).
Figure 2 shows the space cell robot independently de-
signed by the project, which is composed of four functional
modules. The grabbing cell module can realize the grabbing
of truss and the overall movement, the rotating cell module
can realize the 180◦ rotation of the module, the interstitial
cell module can connect different functional cells, and the
rotating cell module can realize the 360◦ rotation of the mod-
ule. It can be combined according to the task requirements to
achieve multiple functions.
As shown in Fig. 3, the four cell function modules can
be combined according to different task requirements, and
can complete truss rod handling, collaborative assembly and
other tasks in the assembly process of triangular truss. In the
process of truss assembly, space cellular robot can achieve
the following three functions: grabbing and carrying truss
parts, assembling truss, and adjusting the relative installation
position of truss. Specifically, it can make the robot have dif-
ferent degrees of freedom of operation and satisfy the oper-
ation function of the robot to the greatest extent by cooper-
ating with three kinds of combined robots, namely, the han-
dling robot, the transfer robot and the assembly robot, and
fully considering the operation characteristics and require-
ments of the three kinds of robots. To ensure that the space
cellular robot can form a truss assembly team, coordinate and
orderly complete the space truss on orbit assembly work.
At present, the installation, inspection, maintenance and
other work related to trusses highly depend on labor, and
robots are an ideal substitute for performing these high-
intensity tasks (Wei and Wang, 2010). By consulting the rel-
evant literature, it is known that SM2 is designed for free
execution of space station trusses and other daily tasks (Tan
et al., 2018). Gu et al. (2018) proposed a path planning
method for checking the reliability of truss nodes. Alberto
et al. (2019) proposed a path planning algorithm to optimize
the shortest distance problem of a moving robot on a truss.
Chung and Xu (2013) proposed a new genetic operator using
the concept of genetic modification, which solved the mini-
mum energy problem required for mobile robots in climbing
paths in space stations.
Obstacle avoidance is the basic problem of Spatial cellu-
lar robot path planning. Sun et al. (2019) proposed an im-
proved artificial potential field method, considering the dis-
tance between robot and obstacle in path planning Liang and
Lee (2015) proposed an efficient artificial bee colony algo-
rithm (EABC) with obstacle avoidance strategy based on ar-
tificial bee colony to solve online path planning for multi-
mobile devices. Qi et al. (2017) proposed a method based
on probability theory for obstacle avoidance trajectory. By
establishing a Gaussian motion model and using Gaussian
motion prior probability estimation to get the optimal path
trajectory. Although the path planning method based on the
teaching programming mode is workable, it is difficult to get
the best path in this way, and the path planning takes too long
(Wang et al., 2017).
After the environment modeling is completed, an appro-
priate path search algorithm is needed to find the optimal
path. Ant colony algorithm is a heuristic intelligent search al-
gorithm, which is well applied in solving path planning prob-
lems (Wang et al., 2019). Because ant colony algorithm has
the disadvantage of being easy to fall into local optimum and
difficult to get rid of dead point, Jiang et al. (2019) proposed
an improved ant colony optimization algorithm which im-
proves the overall efficiency of the algorithm and the working
efficiency of the mobile robot by improving the quality ant
pheromone principle. Wei and Ren (2018) proposed a fast-
exploration random tree (RRT) algorithm based on random
sampling, which has the advantages of completeness of prob-
ability, complete expansion and rapid exploration speed, and
it is used in dynamic high-dimensional path planning.
Because there are few studies on truss path planning at
home and abroad, the above research has the following three
characteristics: (1) There is no combination of path optimiza-
tion and obstacle avoidance, which leads to the risk of colli-
sion or even damage in the path planning of robot, which
has limitations. (2) The collision free path planning takes a
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Figure 2. Schematic diagram of spatial cellular robot truss assembly.
Figure 3. Space cell robot assembling truss in orbit.
long time, which leads to the repeated paths of the robot in
the path planning, and the mobile efficiency is low. (3) The
improved algorithm is relatively simple, and there is no fu-
sion reference between different algorithms to optimize one
of them.
The main research goal of this paper is to optimize the ex-
isting algorithms of space cellular robot under the premise of
working environment of triangular truss, so that the cellular
robot can find an optimal path to meet the requirements of
the task according to the overall model of the truss built in
advance, and carry out the global path planning, so as to im-
prove the initial position of the cellular robot It can reduce the
unnecessary moving distance, reduce the energy consump-
tion of the robot, and ensure the robot to reach the designated
working position efficiently and safely.
We organize the paper as follows. The first part introduces
the important prospect of space cell robot and the practical
application of path planning. In the second part, the truss path
planning of cellular robot is studied and the spatial model
is established. The third part divides the three-dimensional
space of the whole truss into regions, and designs an opti-
mized ant colony algorithm based on the ant colony search
strategy and the universal gravitation search algorithm. By
limiting the effective search range of the target, the search
time and distance of the shortest path can be shortened. The
fourth part carries on the path planning simulation exper-
iment, compares the performance parameters of the tradi-
tional ant colony algorithm and the improved optimization
algorithm, and analyzes the results. In the fifth part, on orbit
assembly experiments are carried out to verify the rationality
of on orbit assembly movement through virtual simulation.
The sixth part is the conclusion of this paper.
Anh et al. (2018) proposed a new global path planning
method based on A-star algorithm for self reconfigurable
Tetris cleaning robot. This method aims at the largest cover-
age area and covers narrow space by generating path points to
ensure excellent area coverage performance. Su et al. (2011)
proposed a motion planning and coordination strategy suit-
able for different types of robots in different tasks. Experi-
ments on robot path planning and mobile robot system co-
ordination were carried out to verify the effectiveness and
generality of the method. Hou et al. (2014) proposed a recon-
struction path planning algorithm called MDCOP, which can
find an approximate solution in polynomial time and gener-
ate the optimal reconstruction path planning based on graph.
2 Environment modeling and analysis
2.1 Establish the truss space model
When constructing a single-layer triangular prism truss
group, the Spatial cellular robot uses 24 truss ball heads as
path nodes to plan the path. The coordinates of the truss ball
head are got by “RobotStudio”. The center point of the green
ball head in the figure is used as the coordinate of the space
node, the workpiece coordinate system is established, and the
coordinate data is imported into the “Matlab” environment
to generate the space model. As shown in Fig. 4, this paper
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Figure 4. Truss three-dimensional model.
studies the path planning of the starting point 9 moving to the
target point 21.
2.2 Space division in the orbital truss area
Extend two-dimensional space to three-dimensional space
by grid methods: As shown in Fig. 6, the three-dimensional
space model space ABCD-EFGH is established in the O-
xyz coordinate system, where ABCD is a square with a side
length of 2l. The coordinate system is established by using
point A as the coordinate origin, so that the ABCD plane is
in the xOz plane, AE is n-divided along the y-axis direc-
tion, AB is equally divided in the x-axis direction, and AD
is equally divided along the z-axis direction. n planes can be
obtained, and each plane is divided into m× l grids by grid
division.
The space ABCD-EFGH is processed into n×m× l cubes
by grid method, and each small cube corresponds to the asso-
ciated spatial discrete point coordinates p(x,y,z) and the po-
sition of each coordinate point is calculated by the formula,
as shown in Eq. (1).
x =−l+ 2l× i
y = j×l
n
z=−l+ 2l+k
m
(1)
2.3 Truss three-dimensional path distance planning
According to the description of the three-dimensional model,
the starting point of the space truss cell robot is Ps, and
the target point is PE. Moving from the initial point to the
target point needs to pass through the n-plane Mj , that is,
to ensure that the ant has a reachable area when search-
ing for the next node. First, the ant starts from the start-
ing point Ps, searches for the feasible node P1 (x1,y1,z1) in
the first M1 plane, and then searches for the feasible node
P2 (x2,y2,z2) on the second M2 plane. The feasible nodes
Pj
(
xj ,yj ,zj
)
(j = 1,2, . . .,n) on each plane are selected,
and finally the target point PE is reached, and an optimal path
search is completed.
The distance between the nodes Pj and Pj+1 on any two
adjacent planes Mj , Mj+1 is defined as:
d
(
Pj ,Pj+1
)=√(xj+1− xj )2+ (yj+1− yj )2+ (zj+1− zj )2 (2)
Where d(Pj ,Pj+1) is the distance between any two plane
nodes.
According to the above path node distance definition, the
three-dimensional optimal path planning problem is trans-
formed into solving the shortest distance problem of the path
node sequence from the starting point Ps to the target point
PE.
Combine the Eq. (1) path distance to:
LOT=
∑n+1
ω=0
√(
xj+1− xj
)2+ (yj+1− yj )2+ (zj+1− zj )2
=
∑n+1
ω=0
√(
xj+1− xj
)2+( h
n+ 1
)2
+ (zj+1− zj )2
(3)
3 Fusion optimization algorithm based on truss
path planning
3.1 Designing a multivariate heuristic function
In this paper, the heuristic function in the ant colony algo-
rithm is designed with the shortest path, algorithm conver-
gence and obstacle avoidance as the optimization indicators.
The heuristic information includes obstacle avoidance coeffi-
cient factors, distance factors, and the angle factors proposed
in this paper to form a multivariate heuristic function.
3.1.1 Obstacle avoidance factor heuristic factor
In this paper, the obstacle avoidance coefficient model
G (iw,jw,kw) of discrete points is introduced. According to
the traffic of discrete points divided by three-dimensional
workspace, the feasibility of the discrete point set S of the
searchable region of the point Pw in the planning space is
feasible. Assignment, quantity statistics, calculation of feasi-
bility factor weights.
Tw =
{
1 if Pw ∈ Mw,vallowed
0, else (4)
In the formula (4), Tw (i,j,k) is the weight of the discrete
points in the discrete point set S in the plane searchable re-
gion, and the pass point weight is otherwise 0.
µ1 (iw, jw,kw)=
∑
Tw+1 (i,j,k) (5)
G (iw,jw,kw)= µ1 (iw,jw,kw)1+µ (iw,jw,kw) (6)
where µ1 is the number of unobstructed discrete points in the
plane Mw,v , and µ is the plane Mw,v to explore the number
of discrete points in the area.
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Figure 5. Model of truss in Matlab.
Table 1. Truss data model coordinates.
No. x (mm) y (mm) z (mm) No. x (mm) y (mm) z (mm)
1 0 0 0 13 1982.88 3483.24 499.61
2 0 995.21 0 14 1982.88 2488.02 499.61
3 0 1990.42 0 15 1982.88 1492.82 499.61
4 0 2985.63 0 16 1982.88 497.61 499.61
5 991.44 0 0 17 991.44 497.61 499.61
6 991.44 955.21 0 18 991.44 1492.82 499.61
7 991.44 1990.42 0 19 991.44 2488.02 499.61
8 991.44 2985.63 0 20 991.44 3483.24 499.61
9 1982.88 0 0 21 0 3483.24 499.61
10 1982.88 995.21 0 22 0 2488.02 499.61
11 1982.88 1990.42 0 23 0 1492.82 499.61
12 1982.88 2985.63 0 24 0 497.61 499.61
3.1.2 Gravitational coefficient heuristic factor
Here the gravitational factor in the idea of universal grav-
itation search is introduced. Based on the distance feature
between the two nodes in the three-dimensional space, ant
colony algorithm is given a preliminary guiding direction,
and the attraction factor of the target point is selected. The
rapid convergence, the establishment of the gravitational co-
efficient model Qw can greatly increase the time validity of
the algorithm, reduce the convergence time of the algorithm,
and ensure that the search direction of the shortest path fol-
lows the optimal direction of the shortest target.
Q (iw,jw,kw)
= 1
1+
√
(iw+1− iw)2+ (jw+1− jw)2+ (kw+1− kw)2
(7)
whereQ is the coefficient of gravity in the heuristic function.
3.1.3 Target angle heuristic factor
This paper proposes a heuristic factor for the angle of the
target node. The path planning in the 3D workspace requires
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Figure 6. Grid method to divide three-dimensional space.
Figure 7. Angle parameter positioning.
high space complexity. In this paper, the target clip consisting
of the current point Pw, the starting point Ps and the target
point Ps of the ant K is introduced. Angle θE, as shown in
Fig. 7.
The specific definition of the angle θE is as follows:
θE = arccos
(
P sP E×PwP E
|PsPE| × |PwPE|
)
(8)
In the formula, the included angle θE is defined as the angle
between the vector P sP E and the vector PwP E, as shown
in the figure, select within the searchable area Mw,v makes
θE tend to the target angle. The angle ϕE is favorable for the
path planning search direction to approach the target point
PE. The target angle ϕE is defined as follows:
ϕE = θE+ ε,µ > 0 (9)
In the formula, ε is an angle adjustment parameter greater
than zero, the purpose is to prevent ϕE from being too small
to zero. Combining Eq. (9), the target angle heuristic factor
R (iw,jw,kw) is defined here as:
R (iw,jw,kw)= 1
ϕE+ ξ ξ ∈ [0,1] (10)
In the formula, ξ represents the angle factor, because the ex-
ploration areaMw,v can be farther away from the target point
in the initial stage of the path planning, and the front stage is
increased, avoiding the angle range being too large and caus-
ing blind search; the path planning is reduced later. Thereby
enhancing the accuracy of path planning. The angle factor ξ
is defined as follows
ξ = ξ0+
(
1− ξ0
) Ncmax
Nc
(11)
In the formula, ξ0 represents the initial value of the angle
factor, Nc, Ncmax represents the number of iterations and
the maximum number of iterations of the path planning al-
gorithm.
3.1.4 Constructing a dynamic multi-heuristic function
Here, the multi-heuristic function is constructed by combin-
ing the formula (6), the formula (7), and the formula (10).
H (i, j, k)= G (i, j, k) ·Q (i, j, k) ·R (i, j, k) (12)
where H is the multivariate heuristic function.
3.2 Stratification can explore the ant colony search
strategy in the region
Due to the expansion of the choice of three-dimensional
space, the idea of two-dimensional spatial plane search can-
not be continued. The hierarchical search mode of the dis-
crete three-dimensional path planning space can be explored
here.
3.2.1 Hierarchical Search Strategy
The stratified search dimension reduction strategy is used to
transform the 3D path planning grid space problem into mul-
tiple 2D problems. The spatial layering is discrete into a 2D
planeMw(w = 1,2,3, . . .n) which reduces the complexity of
the environment. Degree and optimization time can effec-
tively solve the problems of program stuck and slow solution
caused by blind group discrete search mode of ant colony.
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3.2.2 Explore the node selection strategy in the area
The restricted searchable area strategy is adopted to make the
discrete two-dimensional plane Mw(w = 1,2,3, . . .n) into
several searchable areas Mw,v .
As shown in Fig. 8, the y-axis direction is defined in the
3D path planning space as the main direction of the path
planning for bisector plane dispersion. When the ant K is
the point Pw on the aliquot plane Mw, the maximum lateral
movement grid number of the ant K in the x-axis direction
is defined as xmax and the maximum moving grid number in
the z-axis axis direction is Zmax; A searchable area with a
grid number of xmax×zmax is formed on the planeMw+1,v+1
such that the node selection of each ant k falls within the
searchable area.
3.3 State probability transfer rules
In the process of ant colony algorithm path planning, when
ant K is located at point Pw (iw,jw,kw) on the Mw plane,
then the searchable area Mw+1,v+1 located in the Mw+1
plane is selected according to the state probability transfer
rule. (w+ 1, v+ 1) a point Pw+1 (iw+1,jw+1,kw+1) as the
transfer node, here we combine the last section The con-
structed multi-heuristic function (12) obtains the state prob-
ability transfer rule for the three-dimensional path planning
space:
pKi,j,k =

ταi,j,kH
β (i,j,k)∑
ταi,j,k H
β (i,j,k) , if j ∈ allow K
0, else
(13)
where ταi,j,k is the current pheromone content of the point
Pw+1 corresponding to the searchable region 5w+1,v+1,
H β (i, j, k) is a heuristic function, allowK is a collection of
ants K to be visited. α reflects the importance of the previous
ant colony’s inspiration to the current ant, and β indicates the
importance of the current local environment’s inspiration to
the ant.
3.4 Ant colony pheromone update based on gravity
search
The universal gravitation search algorithm is to find the op-
timal solution by moving the gravitation among population
particles in the search space. This paper proposes to use the
strong global search ability and search speed of the gravity
search algorithm to search the path of the entire region in
order to get the optimal solution and transform the got re-
sult into the initial pheromone in the ant colony algorithm.
This solves the problem that the original node pheromone
distributed in the traditional ant colony algorithm is easy to
fall into local optimum and search blindness, and accelerates
the path planning search speed by the gravity search algo-
rithm.
According to the law of universal gravitation,
the positional update is performed by using the D-
dimensional velocity vi = vi1,vi2, . . ., viD and the position
xi = xi1,xi2, . . .,xiD , and assign the pheromone value to
the path node of the workspace and correspond to one
pheromone value according to the coordinate value.
F dij =G(t)
Maj (t)×Mpj (t)
Qw + ε
(
xdj (t)− xdi (t)
)
(14)
Mi (t)= fiti (t) ·worst (t)best (t)−worst (t) (15)
vdi (t + 1)= randi × vdi (t)+ adi (t) (16)
xdi (t + 1)= xdi (t)+ vdi (t + 1) (17)
The gravitational heuristic factor Qw in the improved ant
colony algorithm is introduced as the Euclidean distance be-
tween the particle i and the particle j in the equation, and
ε is a tiny constant, and we set the parameter to prevent the
denominator from being zero.
F dij represents the force between particle i and particle j ,
Mi and Mj represent the inertia mass of particle i and par-
ticle j , worst (t) and best (t), respectively, taking the differ-
ence and optimal value of fiti (t). randi represents the random
number between intervals [0,1], xdi represents the position of
particle i in d-dimensional space, vdi represents the velocity
of particle i in d-dimensional space, adi represents the accel-
eration of particle i in d-dimensional space.
The spatial optimal solution obtained by the gravitational
search algorithm is transformed into the initial pheromone
τGi,j,k in the ant colony algorithm. When the ant k completes
a search iteration, the pheromone content of the nodes on
the better path in this iteration is selected for global update,
and the ant k is transferred from the current point to a point
Pw (iw,jw,kw) before the current point. Perform real-time
pheromone updates:
τi,j,k = τGi,j,k + (1− ρ)τi,j,k (18)
ρ = ρ0+ (1− ρ0) Nc
Ncmax
(19)
where τi,j,k is the pheromone content of the current point
Pw, τGi,j,k is the initial value of the pheromone content of
each point, with a value of 0.5. ρ is the pheromone content
attenuation coefficient, ρ0 information The initial value of
the attenuation coefficient, with a value of 0.3.Nc represents
the current number of iterations of the statistical algorithm;
Ncmax is the maximum number of iterations of the algorithm,
with a value of 50.
3.5 The overall flow of optimized ant colony algorithm
for fusion gravity search
The Spatial cellular robot global path planning diagram is
shown in Fig. 6. This algorithm is based on an optimized
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Figure 8. Limiting the effective searchable area.
ant colony algorithm and integrates gravitational search op-
erations. Its path planning is the food search process of
ant colonies. Communication between ants is achieved by
pheromones. The shortest path can be found through mutual
cooperation between ant colonies. The corresponding flow
chart of fusion algorithm for path planning is as shown in
Fig. 9.
The collision-free path planning procedure based on the
fusion universal gravitation search algorithm is as follows:
– Step 1: Establish a three-dimensional environment
model for the spatial cellular robot working envi-
ronment, generate a three-dimensional spatial discrete
node set p(x,y,z).Initialization parameter, initial ve-
locity of particle vdi , initial acceleration a
d
i , number of
ants Ncmax, heuristic factors α and β, initial value of
pheromone attenuation coefficient ρ0, initial value of
angle coefficient ξ0.
– Step 2: Select the starting point and the target point to fa-
cilitate the planning of the distance between nodes and
the global map information in the path planning prob-
lem in the discrete grid space model.
– Step 3: Calculate the particle fitness function fiti (t) and
update the interparticle attraction F dij .
– Step 4: Perform a rough search and update the particle-
related locations xdi .
– Step 5: If t > tmax, proceed to the next step, otherwise,
let t = t + 1 and go to step 3.
– Step 6: Convert the optimal or suboptimal solution of
the path plan obtained by the gravity search algorithm
into the initial value of the pheromone τGi,j,k and update
the pheromone τi,j,k distribution.
– Step 7: Use the stratification strategy to divide the
3D space model into planes and limit the search-
able area Mw (w = 0,1, . . .n) of each aliquot plane
Mw,v (v = 0, 1, . . .m/hmax). And define the maximum
lateral distance xmax and the maximum longitudinal dis-
tance zmax of ants. According to the prior information
of spatial model, the maximum number of layers wmax
and the maximum number of explorable regions vmax
are defined.
– Step 8: Let w be assigned a value of 1.
– Step 9: v is assigned a value of 1,Nc is assigned a value
of 1.
– Step 10: Place the ant k definition on the searchable area
Mw,v in the plane Mw of Pw.
– Step 11: Calculate the current point Pw corresponding to
the multivariate heuristic function H (i,j,k) according
to the formula.
– Step 12: The ant Nc selects a point Pw+1 located in the
searchable areaMw+1,v+1 in the planeMw+1 according
to the state probability transition probability rule, and
the ant Nc The pheromone content τi,j,k of the current
node Pw is updated in real time.
– Step 13: If v > vmax, proceed to the next step; otherwise,
let v = v+ 1 and jump to step ten
– Step 14: If w >wmax, proceed to the next step; other-
wise, let w = w+ 1 and go to step nine.
– Step 15: Determine the better path Pathb and update the
pheromone content of the node on the better path Pathb
obtained by this iteration.
– Step 16: If Nc > Ncmax, proceed to the next step; oth-
erwise, let Nc =Nc+ 1, and jump to step 12.
– Step 17: Output the optimal path Pathb (Nc).
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Figure 9. Flow chart of optimization fusion algorithm.
4 Simulation results and analysis of path planning
4.1 parameter selection of traditional ant colony
algorithm and improved optimization algorithm
In order to verify the effectiveness and superiority of the
improved optimization algorithm, matlab2018b simulation
software is used to simulate the traditional ant colony algo-
rithm and the improved optimization algorithm in this pa-
per. The path planning process of space cell robot in three-
dimensional truss working environment is simulated. Be-
cause the simulation process of ant colony algorithm uses
roulette, each simulation result will have deviation, so in the
simulation, each algorithm in the experiment is simulated
many times, and the average value is taken to verify the
effectiveness of the improved optimization algorithm. The
Table 2. Parameter value of ant colony algorithm.
α β τ0 ρ0 ξ0 τ
G
i,j,k
Ncmax
1–6 1–6 0.55 0.3 0.75 0.5 50
computer CPU model is an Intel(R) Core(TM) 5 Quad CPU
9300H, and the internal storage capacity is 8 GB.
The selection of parameters of ant colony algorithm is usu-
ally based on the experience value, through the experiment
comparison, get the better parameters. Mainly for the selec-
tion of parameters α and β, the value range of α and β is
[1–6], the other parameters are compared according to expe-
rience and experimental simulation, and the value is shown
in Table 2.
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Figure 10. Path evaluation index.
α represents the importance of the previous generation ant
colony to inspire the current ant, and β represents the im-
portance of the current local environment to inspire the ant.
The value of β/α is taken as independent variable, and the
path evaluation index Im (n) is taken as dependent variable.
In order to facilitate the experiment, set the value range of α
and β as [1–6], each interval of 0.2 as a value point, and the
formula is shown in Eq. (20).
Im (n)= i ·Lm (n)+ j ·hm (n)+ k · Tm (n) (20)
In the formula, Im (n) represents the path evaluation index,
as the evaluation standard of path planning length, the lower
the value is, the shorter the path distance is.Lm (n) represents
the path length of the m ant in the nth iteration. hm (n) repre-
sents the mean square deviation of grid space height. Tm (n)
represents the turning times of nodes in path planning. i, j , k
represent the adjustment coefficient of each factor. The value
is taken according to the required path property, and the de-
fault value is 0.1. The results are shown in Fig. 10.
The results show that when the β/α ratio is small, the em-
pirical factors play a major role, and the probability of ants
repeatedly passing through the path nodes is large, which
weakens the effectiveness and accuracy of the search. When
the ratio of β/α is large, the deterministic factors play a ma-
jor role. Ants tend to choose the minimum value of the path
index, which makes the algorithm have a faster convergence
speed. When the ratio of β/α is about 5, the algorithm has
a wide range of search and the path index obtained is the
best Path. Therefore, when α = 1 and β = 5, both the tradi-
tional ant colony algorithm and the improved optimization
algorithm can play the best performance.
4.2 space truss path planning simulation
In the MATLAB environment, the three-dimensional path of
the Spatial cellular robot on the truss is simulated. Accord-
ing to the above steps, a single-layer triangular prism truss
group is selected, and we set the mounting balls 9 and 21 as
the starting point and the target point. The size of the robot is
not considered in the simulation experiment, so the planning
path almost coincides with the edge of the truss.The plan-
ning results of the traditional ant colony algorithm and the
optimized ant colony algorithm path are shown in Fig. 11.
Through the above steps, the shortest collision-free mov-
ing path of the cellular robot that can be realized based on the
traditional ant colony algorithm is: 9→ 10→ 11→ 14→
20→ 21, and the optimal path length is 4795.000 mm. The
shortest collision-free moving path based on gravity search-
optimized ant colony fusion algorithm is: 9→ 16→ 18→
19→ 21, and its optimal path length is 4502.546 mm. By
comparison, we can clearly find it that the shortest path based
on the optimization algorithm is better.
Figure 12 is a comparison of the convergence curves of
the algorithm. Figure 12a and b are the convergence curves
of the traditional ant colony algorithm and the optimized ant
colony algorithm. It is obvious from the comparison that we
show the convergence of the optimized ant colony algorithm.
The speed is faster, and the shortest moving path of its spa-
tial cellular robot is shorter than the path of the traditional
ant colony algorithm. From the trend of convergence curve,
the curve of the optimized ant colony algorithm is gentle and
small, which shows that the convergence of the optimized ant
colony algorithm is better. We can see it from Table 3 that the
Spatial cellular robot based on the optimized ant colony al-
gorithm is the best. The path is shorter and better than the
traditional ant colony algorithm path; and the optimized ant
colony algorithm is less than the traditional ant colony algo-
rithm in the number of iterations, which proves the superior-
ity of the improved algorithm.
As can be seen from Fig. 12, the previous iteration of tra-
ditional ant colony algorithm is unstable and prone to local
optimization. Because of the improved search strategy and
pheromone distribution rules, the overall iteration curve of
this improved algorithm shows a downward trend. After the
later stage is stable, the shortest path length obtained by the
improved algorithm is also shorter, and the path evaluation
index and iterative stability times of the algorithm in this pa-
per are better than the traditional ant colony algorithm.
Select different iterations N and ant colony number Nc
to verify the effectiveness of the optimized ant colony algo-
rithm. The maximum value, minimum value, average value,
path variance and response time of each condition are shown
in Table 3.
Further, through Table 3, When the iteration number N
and population size NC of traditional ant colony algorithm
(ACO) are 5, the local optimal path length is 4830.000 mm,
the average path length is 4918.000 mm, the adjustment time
is 0.905 s, the planning time is 1.203 s, and the operation ef-
ficiency of planning time is 75.2 %.
When the iteration number N and population size NC of
traditional ant colony algorithm (ACO) are 15, the shortest
path length of cellular robot on truss is 4795.000 mm, the
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Figure 11. 3D space path comparison chart.
Figure 12. Iterative comparison process between traditional ant colony algorithm and improved ant colony algorithm.
average path length is 4795.000 mm, the adjustment time is
11.235 s, the planning time is 13.381 s, and the operation ef-
ficiency is 83.9 %. For the first time, the number of shortest
path iterations is 15, the number of convergence iterations
of all ants is 30, and the percentage of effective iterations is
50 %.
When the iteration number NC and population size N
of Optimization of ant colony algorithm (N -ACO) are 10,
the shortest path length of cellular robot on truss is
4502.546 mm, the average path length is 4502.921 mm, the
adjustment time is 4.727 s, the planning time is 5.429 s, and
the operation efficiency is 87 %. For the first time, the number
of shortest path iterations is 10, the number of convergence
iterations of all ants is 30, and the percentage of effective
iterations is 67 %.
Compared with the traditional ant colony algorithm, the
mobile path and planning time of the cell robot are reduced
by 292.454 mm and 7.952 s respectively. Compared with the
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Table 3. Comparison of optimization results of two algorithms
Nc N Method Path Length (mm) Time (s)
Mean SD Min Max Mean SD Min Max
5 5 ACO 4918.000 44.324 4830.000 5006.000 1.203 0.106 0.905 1.284
N -ACO 4720.739 8.865 4705.235 4735.523 1.542 0.103 1.057 1.414
10 10 ACO 4885.000 34.214 4805.000 4965.000 5.213 0.319 4.623 5.812
N -ACO 4502.921 0.527 4502.546 4503.297 5.429 0.325 4.727 5.933
15 15 ACO 4795.000 0.000 4795.000 4795.000 13.381 0.540 12.762 15.580
N -ACO 4537.322 0.660 4536.218 4538.426 13.587 0.586 12.843 15.672
20 20 ACO 4807.626 2.216 4785.210 4830.041 26.348 0.824 24.653 29.326
N -ACO 4534.711 0.357 4534.249 4535.172 26.421 0.835 24.725 39.411
25 25 ACO 4796.187 0.000 4795.163 4797.210 44.826 2.187 37.219 48.152
N -ACO 4504.394 1.076 4503.845 4504.943 44.922 2.245 37.328 48.284
30 30 ACO 4795.000 0.000 4795.000 4795.000 56.752 4.358 50.837 68.362
N -ACO 4503.285 0.527 4502.284 4503.286 56.841 4.459 50.934 68.479
Table 4. comparison of performance indexes of each algorithm.
Performance index ACO N-ACO
Shortest path length (mm) 4795.000 4502.546
Planning time (s) 13.381s 5.429
Adjustment time (s) 11.235s 4.727
The number of shortest path iterations
reached for the first time
15 10
Convergence iterations of all ants 30 30
Operation efficiency (%) 83.9 87
Percentage of effective iterations (%) 57 67
traditional ant colony algorithm, the improved algorithm has
33.3 % fewer iterations, 6.1 % less path length, 59.4 % less
planning time and 3.6 % higher efficiency. Because of the
improvement of heuristic function and pheromone rule, the
shortest path length of the improved optimization algorithm
is significantly shorter than that of the traditional ant colony
algorithm, which makes the overall movement faster and
more efficient. The comparison results are shown in Table 4.
Although the traditional ant colony algorithm has reduced
the path length with the increase of the number of iterations
and the number of populations, the optimized ant colony al-
gorithm is superior to the traditional ant colony algorithm in
performance parameters. Therefore, it can be concluded that
the optimized ant colony algorithm can improve the perfor-
mance of the algorithm and can optimize the on-orbit truss
path of the actual cellular robot to get the shortest path with
a few iterations and the number of groups.
Figure 13. Simulation experiment platform.
5 In-orbit assembly simulation experiment
The space on-orbit cell assembly robot consists of multiple
cell modules, each of which is controlled by a separate motor.
The ground experiment platform assembled by robot truss is
mainly composed of computer and relay unit. As shown in
Fig. 13, the computer mainly carries out input, storage and
communication of motor control variables. The relay unit is
composed of 12 V power module, Arduino control module
and motor drive module TMC2208. It mainly receives the
drive control instructions issued by the computer, provides
power for the motor in the revolute joint module, and drives
the motor, so as to achieve specific movements of the robot.
The on-orbit operation and assembly of the robot after it
arrives at the designated position are simulated by the ground
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Figure 14. Truss assembly diagram.
experimental platform. The ground equivalent experiment
proves that the Spatial cellular robot can complete the truss
assembly in three different positions. The special structure of
the truss ball head has a certain guiding effect, which keeps
the deviation of the experiment within the allowable range,
so it can successfully complete the truss assembly task. The
theoretical and experimental processes are shown in Figs. 14
and 15.
5.1 Kinematics simulation of robot based on ADAMS
5.1.1 Selection of simulation model parameters of
space cell robot
In order to verify the reliability and rationality of on orbit
assembly process of space cell robot, ADAMS virtual pro-
totyping technology is used to simulate the dynamic charac-
Figure 15. Truss assembly experiment diagram.
teristics of on orbit assembly. After the model is imported,
the material properties of the component modules and truss
members of the robot are defined. Under the condition of en-
suring the mechanical properties, space cell robot should also
meet the requirements of lightweight. Therefore, the truss
and grab manipulator are defined as 45 steel, the shell of cell
module is aluminum alloy, and the material of internal parts
is 40Cr. The solid model and simplified model of robot truss
assembly are shown in Figs. 16 and 17.
After the model import and material definition are com-
pleted, it is necessary to redefine the relationship between
each component and create relevant motion pairs to constrain
the components. As shown in Figs. 4–6, create a motion pair
for each component of the model. The model creates 5 rota-
tion pairs, 2 moving pairs, and the rest are fixed pairs. The
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Figure 16. Solid model of robot truss assembly.
Figure 17. Simplified model of robot truss assembly.
motion pairs between the specific components are shown in
Fig. 18.
When the space cell robot is assembling the truss on orbit,
it mainly depends on the cooperative rotation of the rotat-
ing joint to adjust the specific position of the truss, so that
the truss can be assembled accurately at the designated posi-
tion. Therefore, it is necessary to drive the rotary joint in the
robot configuration. According to the design requirements,
the 360◦ rotation joint and 180◦ rotation joint of the space
truss on orbit assembly robot rotate 30◦ s−1, that is, the ro-
tation angular velocity is 5pi/3 rad s−1. In order to make the
robot rotate smoothly in the process of kinematics simula-
tion, STEP function is used to drive the robot’s rotating joint
to move. The formula of STEP function is:
STEP(XX0H0X1H1) (21)
In the formula, X represents the independent variable, X0
represents the start value of the step function of the indepen-
dent variable, X1 represents the end value of the step func-
tion of the independent variable, H0 represents the initial
value of the step function, and H1 represents the end value
of the step function.
According to the motion process of the transfer robot and
the assembly robot, the 360◦ rotation joint module of the
Figure 18. Robot joint constraint diagram.
Table 5. Step function of main components.
Component name STEP function
Third rotation joint STEP (0, 0, 3, −90 d)
Second rotation joint STEP (3, 0, 6, 90 d)
First rotation joint STEP (6, 0, 12, −180 d)
transfer robot, the second rotation joint module and the 180◦
rotation joint module of the assembly robot are driven and
set, respectively, as motion1, motion2 and motion3. Motion1
mainly drives the transfer robot to make turning motion and
transfer the truss rod to the assembly robot. Motion2 mainly
drives the assembly robot to rotate the end clamping claw and
adjust the assembly direction of truss bar. Motion3 mainly
drives the assembly robot to move up and down the end
clamping claw, so that the truss rod can be assembled in the
exact position of the space truss. Step drive settings for spe-
cific joints are shown in Table 5 below.
It can be seen from Tables 3–4 that the end gripper of the
transfer robot is turned 90◦ within 0–3 s and separated from
the truss rod. In 3–6 s, the end claw of the robot is rotated 90◦
to adjust the space position of the truss. In 6–12 s, the 180◦
rotating joint of the robot is rotated 180◦ so that the truss
rod after adjusting the position can be installed on the truss
accurately.
5.2 Simulation results and analysis of robot motion
By establishing kinematic model, defining material proper-
ties, imposing constraints and setting joint driving parame-
ters for space truss on orbit assembly robot, the overall pro-
cess of transfer robot and assembly robot collaborative truss
assembly is simulated in ADAMS, and the cell unit module
of the assembly robot is obtained under the condition of rel-
evant constraints and driving, each joint drives the truss rod
Change curve of position, speed, acceleration, etc. Because
the whole truss assembly process is completed in space, the
influence of gravity is ignored in the simulation process. Tak-
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Figure 19. Simulation curve of robot rotation.
Figure 20. Robot assembly motion simulation curve.
ing the assembly robot as the research object, the simulation
results are analyzed and processed to verify the rationality
of the on orbit assembly movement of the space truss of the
assembly robot.
5.2.1 Simulation analysis of robot rotation
When assembling space trusses on orbit, the trusses assembly
accuracy is determined by the trajectories of trusses clamped
by the end claws. The purpose of the rotation movement of
the assembly robot is to adjust the spatial position of the truss
bar before assembly, and take the center point of the assem-
bly truss bar as the marker point. Through the kinematic anal-
ysis of the truss bar clamped by the end claw of the assembly
robot, the change curve of angular velocity and angular ac-
celeration representing the rotation movement of the assem-
bly robot is obtained, as shown in Fig. 19.
It can be seen from Figs. 4–7 that in the 3rd s, the truss
rod starts to rotate along the z-axis direction driven by the
second rotating joint of the assembly robot, and in the 6th s,
the truss rod is adjusted to the corresponding space position,
and in the 4th 5 s, the angular velocity reaches the maximum.
From the result curve in the figure, it can be seen that if the
curve of angular velocity and angular acceleration changes
synchronously, the rotation of the truss rod is stable and in
line with the motion law.
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Figure 21. Change curve of angular velocity and acceleration of robot truss assembly.
Figure 22. Assembly displacement and velocity curve of robot truss.
5.2.2 simulation analysis of robot assembly motion
Robot assembly motion determines the accuracy of truss as-
sembly, which is an important part of space truss on orbit
assembly. The simulation analysis of robot assembly motion
is the same as that described in Sect. 5.2.1. Take the cen-
ter point of assembly truss as the marker point, through the
kinematic analysis of truss rod clamped by the end claw of
assembly robot, the change curve of angular velocity and an-
gular acceleration representing assembly motion of assembly
robot is obtained, as shown in Fig. 20.
It can be seen from Fig. 20 that the truss rod starts to rotate
along the y-axis direction driven by the 180◦ rotating joint of
the assembly robot in the 6th s, and it is assembled on the
designated position of the truss in the 12th s, and the angu-
lar velocity reaches the maximum in the 9th s. It can be seen
from the result curve in the figure that the curve of angu-
lar velocity and angular acceleration changes synchronously,
and the assembly process of truss rod is stable, which con-
forms to the motion law of truss rod assembly.
5.2.3 overall motion simulation analysis of robot truss
assembly
Through the analysis of the simulation results of the rotation
and assembly motion of the space truss on orbit assembly
robot by Adams, the change curves of the overall angular
velocity and angular acceleration of the end claw grabbing
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truss rod movement and the change curves of the truss rod
displacement and velocity are obtained, and the results are
analyzed. The curve of angular velocity and acceleration of
robot truss assembly is shown in Fig. 21.
It can be seen from Fig. 21 that the assembly robot is
in standby state within 0–3 s. When the transfer robot com-
pletely disengages from the truss rod within 3◦ S, the assem-
bly robot starts to move. In the third second, the truss rod
rotates along the z-axis direction, in the sixth second, it ro-
tates to the corresponding position, and there is no movement
in other directions. In the 6th s, the truss rod rotates along the
y-axis direction, in the 12th s, the truss rod reaches the des-
ignated position of the truss for assembly, and there is no
movement in other directions.
From the result curve in Fig. 21, it can be seen that the
overall motion of the robot truss assembly only includes the
periodic rotation of the z-axis and x-axis, and the curves
of the angular velocity and the angular acceleration change
smoothly and the curves are synchronous. Therefore, the
overall motion process of the robot truss assembly is stable
and in line with the motion law.
The assembly displacement and velocity curve of the robot
truss is shown in Fig. 22. In 0–3◦ S, the truss is in standby
state, and in 3–6 s, the truss is driven by the second rotating
joint of the assembly robot to rotate. The maximum speed
is reached at 4.5 s and the center point of the truss changes
along the x-axis. In 6–12 s, the assembly robot starts to rotate
through 180◦ rotation joint, and the truss rod is assembled to
the designated position of the space truss. At this time, the
center point of the truss rod changes in the x-axis direction
with the rotation of the joint. In the 12th s, reach the exact
assembly position and complete the truss installation.
From the result curve in Fig. 22, it can be seen that
the displacement and speed of robot truss assembly change
smoothly. In the 12th second, the truss rod reaches the assem-
bly position accurately and the speed is reduced to 0, which
avoids the collision during truss assembly and conforms to
the robot assembly motion law.
6 Conclusions
Aiming at the problem of orbital truss path optimization for
Spatial cellular robots, the triangular truss structure is taken
as the research object, the shortest path length the optimiza-
tion target, the obstacle avoidance rule is taken as the con-
straint condition, and the optimization algorithm is used to
realize the collision avoidance of the space truss route plan.
a. This paper adopts a hierarchical search strategy to re-
duce the blind search in the early stage of ant colony
by limiting the searchable area and improve the search
efficiency. We propose a multivariate heuristic func-
tion with dynamic angle to make the improved algo-
rithm have good convergence characteristics. The grav-
itational search operation is used to transform the opti-
mal solution of the truss node into the initial value of the
pheromone in the ant colony algorithm, which solves
the problem that the prior averaging of the pheromone
is easy to fall into the local optimum, and improves the
search speed.
b. The truss on-orbit path planning is divided into
two stages: pre-processing and path search. The pre-
processing stage divides the area space by grid method,
and imports the truss model into the Matlab environ-
ment to store the nodes in the free space. The path
search innovation uses the gravity search-optimized ant
colony fusion algorithm to simulate the spatial path.
Compared with the improvement, the planning time
is reduced by 7.592 s and the path is shortened by
272.079 mm. The results show that the algorithm is ef-
fective, simple and efficient. This method also applies
to the path planning problem of other configuration
trusses.
This paper focuses on the path planning of space cellular
robots in triangular truss. In the future, it will focus on the
Cooperative Path Planning of various space cellular robots
and the dynamic obstacle avoidance in the process of robot
movement. In the truss working environment, how to make
the robot more flexible to avoid obstacles in the actual work-
ing environment is also the main research direction in the
future. In the aspect of path planning, it will further improve
the path planning algorithm, integrate a variety of algorithms,
and absorb the advantages of each algorithm to solve the
problem of multi robot cooperative path planning. Coordi-
nate and cooperate according to the requirements of on orbit
tasks and complete the problem of robot formation. In the
future, the research of space on orbit multi robot coopera-
tive operation is of great significance to the development of
aerospace.
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